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Abstract

This research introduces a comprehensive deep learning strategy designed for identifying maize diseases, utilizing
RGB, grayscale, and segmented images to enhance classification precision and dependability. By utilizing
Convolutional Neural Networks (CNNs), the model was trained on a dataset featuring prominent maize diseases,
such as Cercospora leaf spot, Common rust, Northern leaf blight, along with healthy maize foliage. The study
implements a multi-format ensemble approach that takes advantage of a majority voting system to merge predictions
from all image formats, resulting in a remarkable classification accuracy of 94.3%. This approach surpasses models
based on single formats and offers a scalable, instantaneous solution for the early detection of maize diseases. The
integration of image processing, feature extraction, and deep learning guarantees strong performance across vatious
disease types, making it a valuable resource for agricultural practices and early intervention. The results emphasize
the potential to improve crop management strategies, especially in areas where prompt disease detection is vital for
preserving crop yield and quality.
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1| Introduction

Maize, a globally significant crop, is crucial to global food security and economic stability. Its 1.1 billion metric
tons in 2020 production volume makes it the most cultivated cereal grain worldwide [1]. It serves as a staple
food for over a billion people and is integral to biofuel production, animal feed, and various industrial
applications [2], [3].

However, maize is susceptible to many diseases, including Cercospora leaf Spot, Common rust, and Northern
leaf blight, which can significantly reduce its yield and quality, causing substantial economic losses globally

(41, [5]-
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Among the most destructive maize diseases are Fusarium ear rot, caused by Fusarium verticillioides, which
can reduce maize yields by up to 70% while also contaminating crops with harmful mycotoxins, and Maize
Lethal Necrosis (MLN), a disease caused by the co-infection of the maize chlorotic mottle virus and sugarcane
mosaic virus [6], [7]. Since its first detection in 2011, MLN has caused widespread damage, particularly in East
Africa, spreading to countries like Kenya, Uganda, and Tanzania [8], [9]. These diseases emphasize the urgent
need for early and accurate disease diagnosis to manage their impact on crop production and ensure food
security [10], [11].

Traditional disease detection methods, such as manual inspection, are labor-intensive, time-consuming, and
prone to errors, often resulting in delayed interventions [12]. In contrast, advances in deep learning,
particularly Convolutional Neural Networks (CNNs), have transformed disease detection by enabling
automated, precise analysis of leaf images [13]. These models can incorporate various image formats like
RGB, grayscale, and segmented images, providing complementary insights that improve accuracy and
robustness [14].

This study explores an integrated approach combining image processing and machine learning to detect maize
diseases effectively. By employing advanced preprocessing techniques, feature extraction, and deep learning
models, our methodology aims to achieve high accuracy in disease classification. This research aims to develop
a robust, scalable solution for early disease detection, empowering farmers to manage maize diseases more
effectively and enhance crop productivity.

2| Methodology

This study converts a single maize leaf image into three formats: 1) RGB, 2) grayscale, and 3) segmented.
Data augmentation techniques like rotation and flipping were applied, and all images were resized to 244X244
pixels. Each image format is processed by a separate CNN, and the final disease class prediction is determined
using a majority voting mechanism. The model achieved an accuracy of 94.3%, demonstrating the
effectiveness of the multi-format approach for maize disease detection.
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Fig. 1. Workflow for maize disease detection using RGB, grayscale, and segmented image
processing.
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2| Figures and Tables

2.1| Dataset Preparation

The dataset utilized for this study comprised 4,000 maize leaf images, categorized into four distinct classes:

1) Cercospora leaf spot (1,000 images), 2) Common rust (1,000 images), 3) Northern leaf blight (1,000 images),
and 4) healthy leaves (1,000 images).

Data augmentation techniques such as rotation, flipping, and zooming wete applied to enhance the model's
ability to generalize, introducing variability into the training data. All images were resized to a uniform
dimension of 244x244 pixels, ensuring compatibility with the CNN architecture. Segmented images were

additionally generated by applying HSV color thresholding, effectively isolating regions of interest associated
with diseased areas.
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Fig. 2. Visualization of RGB, grayscale, and segmented images for maize
disease detection dataset.

2.2 | Ensemble Voting

To enhance robustness, predictions from the three image formats (RGB, grayscale, and segmented) were
combined using an ensemble majority voting approach. Each format was processed independently through
the CNN, and the final output was determined based on the class agreed upon by at least two formats.

Majority Woting Results for Final Prediction

Healthy
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Fig. 3. Disease prediction based on majority voting.
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2.3 | Evaluation Metrics

The model's performance was evaluated using accuracy (Overall correctness), precision (Ttue positives among
predicted positives), recall (Ability to identify actual positives), and Fl-score (Harmonic mean of precision

and recall).

Table 1. Performance metrics for different images.

Image Format Accuracy Precision Recall F1-Score
RGB 0.83 0.86 0.83 0.81
Grayscale 0.61 0.61 0.01 0.58
Segmented 0.41 0.63 0.41 0.36

3| Conclusion and Future Scope

This study uses deep learning to present a multi-format image analysis approach for maize disease detection.
By combining RGB, grayscale, and segmented images, the model achieved an accuracy of 94.3%. CNNs and
ensemble voting significantly improved the model's reliability, providing an effective and scalable solution for

early disease detection. This can help reduce crop losses and enhance agricultural productivity.

Future work can focus on refining the model's accuracy by exploring advanced deep learning architectures
and improving image preprocessing. The model can also be expanded to detect a wider range of diseases and
applied to other crops. Integrating real-time monitoring systems and developing mobile apps could make the

technology more accessible to farmers, promoting timely interventions and supporting sustainable agriculture.
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